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Individual tree-based approach 
Scaling 
A B S T R A C T   
Functional diversity (FD) provides a link between biodiversity and ecosystem functioning, summarizing inter- 
and intra-specific variation of functional traits. However, quantifying plant traits and FD consistently and cost- 
effectively across large and heterogeneous forest areas is challenging with traditional field sampling. Airborne 
light detection and ranging (LiDAR) and imaging spectroscopy provide spatially explicit data, which allow 
mapping of selected forest traits and FD at different spatial scales. We develop an individual tree-based method to 
measure forest FD from tree neighborhoods to whole forests, and demonstrate the approach by mapping func-
tional traits of over one million trees in a subtropical forest in China. We retrieved canopy morphological traits 
(95th quantile height, leaf area index and foliage height diversity) and physiological traits (proxies of nitrogen, 
carotenoids and specific leaf area) for each individual canopy tree crown from LiDAR and imaging spectroscopy 
data, respectively. Based on the multivariate trait space spanned by the six trait axes and filled by measured tree 
individuals, we mapped forest FD as richness, divergence and evenness, and explored spatial patterns of FD as 
well as FD–area and FD–tree number relationships. The results show that LiDAR-derived morphological traits and 
spectral indices of physiological traits are consistent with field measurements and show weak correlations be-
tween each other at individual tree level. Morphological functional richness follows a hump-shaped pattern along 
the elevational gradient of 984–1805 m, with maximum values at elevations around 1450 m, while high 
physiological functional richness occurs at medium and high elevations. At an ecosystem scale of 30 × 30 m, 
morphological richness increases continuously with tree density, but physiological richness decreases again at 
very high densities. Moreover, functional richness shows a logarithmic relationship with increasing area or 
number of individual trees, and local trait convergence is predominant in our study area. We demonstrate the 
ability to quantify FD using morphological and physiological traits by remote sensing, which provides a pathway 
to conduct individual-level trait-based ecology with wall-to-wall data.   
1. Introduction 
Forests are a vital part of the terrestrial biosphere, providing not only 
valuable ecosystem goods and services but also supporting a vast 
biodiversity of organisms (Liang et al., 2016). However, the biodiversity 
of forests is facing unprecedented decline globally due to human activity 
and climate change, which might in turn substantially diminish the 
services that ecosystem provides to humanity (Díaz et al., 2006; Fang 
et al., 2012). The biodiversity of an area is comprised of at least three 
components — composition, structure and function — evaluated at all 
levels of the biological hierarchy, from genes to ecoregions (Noss, 1990). 
Previous biodiversity inventory has mainly been based on compositional 
and structural features (especially at species level), while functional 
features remained underexplored for a long time, but they now receive 
increasing attention with the emergence of functional biogeography 
(Ammer et al., 2018; Kattge et al., 2020; McGill et al., 2006; Violle et al., 
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2014). 
Functional diversity (FD), referred to as the value, range and distri-
bution of functional traits of the organisms in a given ecosystem (Díaz 
and Cabido, 2001; Petchey and Gaston, 2006), is a major component of 
biodiversity. It can help to predict ecosystem functioning by accounting 
for both inter- and intra-specific variability and functional redundancy 
(Duffy et al., 2017; Hooper et al., 2005; Ruiz-Benito et al., 2014). The 
methods for measuring FD have turned from taxonomy-based categor-
ical classifications of functional traits (e.g., functional groups) to 
taxonomy-independent continuous multi-trait approaches using vari-
ance- or distance-based metrics (Laliberté and Legendre, 2010; Petchey 
and Gaston, 2002; Swenson et al., 2012; Villéger et al., 2008; Violle 
et al., 2014; Walker, 1992). Different multivariate FD indices, e.g., 
functional richness, divergence and evenness, represent different aspects 
of multivariate trait distributions and can thus be used complementarily 
(Ahmed et al., 2019; Carmona et al., 2016; Mason et al., 2005; Schneider 
et al., 2017; Villéger et al., 2008). A critical point in developing pre-
dictive measures of FD is the choice of functional traits (Petchey and 
Gaston, 2006). Ecologically meaningful functional traits representing 
morphological and physiological characteristics of organisms are critical 
indicators for FD monitoring (Díaz et al., 2016; Homolová et al., 2013; 
Petchey and Gaston, 2006; Violle et al., 2007). For example, morpho-
logical traits such as tree height and multi-layered foliage structure 
could affect light availability, individual tree growth, ecosystem pro-
ductivity and habitat for canopy dwelling organisms (Moles et al., 2009; 
Ishii et al., 2004). Leaf area index (LAI) as a measure of leaf surface 
available for photosynthesis and transpiration, plays a key role in the 
energy fluxes between the atmosphere and vegetation (Chen et al., 
1997). Physiological traits such as leaf nitrogen and carotenoids are 
closely related to leaf photosynthesis, metabolism and photoprotection 
(Jetz et al., 2016; Asner et al., 2015). Specific leaf area (SLA, the inverse 
of leaf mass per area) relates the area of light interception to leaf 
biomass, reflecting a trade-off between construction cost and leaf life-
span (Díaz et al., 2016). Functional traits directly link to organismal 
functions (growth, reproduction and survival) and ecosystem func-
tioning, and vary between and within species, across environmental 
gradients (Bongers et al., 2020; Fyllas et al., 2017; McGill et al., 2006; 
Messier et al., 2017). 
However, field measurements of plant traits are limited to relatively 
small and unevenly distributed sampling areas due to the complexity 
and costs (time, labor and expense) of traditional in-situ measurements. 
Although the availability of trait datasets is constantly improving 
(Kattge et al., 2020), data from different sources might suffer from bias 
due to operators’ subjective interpretation or different measurement 
methods (Kattge et al., 2011). More importantly, these trait datasets 
depend on taxonomic information, which is not always available (i.e. 
without knowledge about species identities of individuals, traits cannot 
be extracted from the available sources). Many trait records use the 
average trait values of collected samples for each species, assuming that 
all individuals of a species in a region share the same trait value 
(Swenson and Weiser, 2010). This fails to describe trait variation be-
tween individuals within species, potentially due to genetic or envi-
ronmental differences. Therefore, measuring traits consistently over 
large areas with high accuracy is an urgent need (Jetz et al., 2016; 
Marconi et al., 2019b; Reich, 2005). 
Remote sensing combined with in-situ data provides a realistic and 
efficient way to quantify plant traits at large scales. Existing remote 
sensing approaches to assess forest morphological traits (or canopy 
structure in general) are mainly based on statistical models, physical 
models, or combinations thereof. Statistical approaches depend on in- 
situ collected structural variables and site-specific model calibrations. 
Physical models (often implemented as geometric optical models), 
consider forest stands as a combination of approximated geometrical 
shapes of tree crowns with corresponding shadows and background (Li 
and Strahler, 1985). In the past few decades, these approaches have 
been applied to estimate plant morphological traits (e.g., height, canopy 
cover, LAI) with optical sensors such as Landsat, Sentinel-2 and MODIS 
as well as high-spatial-resolution Quickbird and high-spectral-resolution 
EO-1 Hyperion (Garrigues et al., 2008; Korhonen et al., 2017; Ma et al., 
2019; Zeng et al., 2008b, 2009). However, these two-dimensional op-
tical images have a limited capability to adequately capture detailed 
canopy structure information. Airborne light detection and ranging 
(LiDAR) data provide a quantitative, three-dimensional view of the 
vegetation on different scales, being extensively used to derive canopy 
structural variables with high accuracy (Ferreira et al., 2018; Lefsky 
et al., 2002; Marconi et al., 2019a; Morsdorf et al., 2004, 2018; Noor-
dermeer et al., 2019; Schneider et al., 2014). Furthermore, advances in 
LiDAR measurement technology have enabled the accurate extraction of 
tree-level information (Kaartinen et al., 2012; Morsdorf et al., 2004; 
Popescu and Wynne, 2004; Seidel et al., 2019; Wang et al., 2016a), 
making it possible to conduct individual tree-based ecology at large 
scales with spatially explicit data (Duncanson and Dubayah, 2018). 
Morphological traits extracted from individual canopy trees could be 
used to assess how tree assemblages fill the trait space in a specific 
community, which is essential to understand community assembly 
processes (Clark et al., 2011; Liu et al., 2016). 
Imaging spectroscopy (also called hyperspectral remote sensing) 
shows potential for ecologically relevant forest monitoring by providing 
full-spectral information sensitive to many functional traits (Asner and 
Martin, 2009, 2016; Gamon et al., 2019; Schaepman et al., 2009, 2015; 
Ustin et al., 2009). Widely-used physiological traits (e.g., chlorophyll, 
carotenoids, nitrogen, water content) have been successfully derived 
from imaging spectroscopy data at the leaf or canopy level across mul-
tiple biomes based on empirical or physical models (Casas et al., 2014; 
Féret et al., 2011, 2019; Hill et al., 2019; Koetz et al., 2007; Malenovský 
et al., 2013; Serbin et al., 2014; Singh et al., 2015; Verrelst et al., 2015; 
Wang et al., 2016b, 2020). Most existing remotely sensed physiological 
trait estimations, however, are computed at the pixel level, which might 
mix several individuals or parts of individuals depending on the spatial 
resolution (Ma et al., 2019; Serbin et al., 2015; Wang and Gamon, 2019). 
Advanced remote sensing methods such as individual tree detection 
from LiDAR or high-resolution orthophotos allow for estimating physi-
ological traits or proxies of traits at the level of individual trees, thus 
avoiding mixing of different biological entities (Chadwick and Asner, 
2016; Martin et al., 2018; Zhao et al., 2018). Obviously, tree inventory 
research based on individual-level functional traits can better capture 
ecological processes in forest communities than methods using species- 
mean traits (Paine et al., 2011). In forest communities, individual trees 
interact with their neighbors as well as their abiotic and biotic envi-
ronment. They hence vary substantially in their traits and performance 
(Harper, 1977). As a consequence, it can also be expected that 
individual-based FD indices show stronger links to ecosystem func-
tioning than do pixel-based indices (Yang et al., 2018). This should not 
only apply to morphological traits but also to physiological traits, which 
can contribute critical information for predictive ecosystem models and 
may show particularly strong relations between FD and ecosystem 
functioning (Cadotte et al., 2011; Mouchet et al., 2010). 
Recent large-scale FD studies used dynamic global vegetation models 
(DGVMs) based on climate and soil data to predict FD patterns with 
coarse resolutions, for example, the functional dispersion and range in 
plant traits (Sakschewski et al., 2015; Thonicke et al., 2020). At the 
continental scale, Ma et al. (2019) applied partial least squares regres-
sion (PLSR) linking Sentinel-2 multispectral reflectance variables with 
functional dispersion calculated from field surveys using species-level 
foliar and whole-plant traits on 117 plots in six European forests. 
Spaceborne measurements can be applied to a larger geographic extent, 
but so far it has been difficult to extract relevant plant traits directly 
from the spectral data for individual trees rather than by correlation 
with ground-based data from vegetation plots potentially containing 
multiple species (Ma et al., 2020). Spectroscopic trait measurements 
combined with LiDAR-derived structural features at individual tree level 
hold great promise to enhance the ecological interpretation of spectral 
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imagery (Ewald et al., 2018a, 2018b; Jetz et al., 2016; Schimel et al., 
2019; Ustin and Gamon, 2010). 
Previous studies on remote sensing of forest functional diversity with 
high spatial resolution have focused on pixel-based approaches. For 
example, Schneider et al. (2017) developed a pixel-based, spatially 
continuous method to map FD across a temperate mixed forest based on 
morphological and physiological traits. Similarly, Durán et al. (2019) 
estimated single- and multi-trait metrics of FD in tropical forests along 
an Amazon-Andes elevation gradient, whereas Asner et al. (2017) 
derived FD from forest functional classes in the same study area. 
Furthermore, Durán et al. (2019) showed that pixel-based functional 
richness was positively linked to ecosystem productivity. However, 
although FD has received increasing attention, the pixel-based ap-
proaches still look at vegetation canopies rather than individual trees; 
the potential of individual-based FD monitoring from remote sensing 
remains to be demonstrated and the scale-dependency of individual- 
based FD is not yet clear (Karadimou et al., 2016; Smith et al., 2013). 
Moreover, tree density is an important variable related to diversity 
(Magurran, 2004), but can not be assessed with pixel-based approaches. 
Previous research has shown that morphological and physiological traits 
can significantly differ between trees in low density (weak competition) 
and high density (strong competition) stands (Juchheim et al., 2020; 
Pommerening and Grabarnik, 2019; Pretzsch and Biber, 2005, 2016) or 
forests with low and high diversity (Bongers et al., 2020). Likewise, tree 
density and forest diversity may interact, because diversity reduces 
competition between individuals due to niche differentiation and facil-
itation and allows more individuals to occupy a unit of area (Baruffol 
et al., 2013; Paquette and Messier, 2011). Most knowledge on these 
relationships stems from studies based on experimental or inventory 
plots, but the relationships between FD and tree density in spatially 
continuous forests remain unclear. 
Therefore, the primary objective of this paper is to develop a new 
method for mapping forest FD based on remotely sensed individual-tree 
functional traits. To achieve this, we (1) quantified the distribution of 
functional traits by retrieving morphological and physiological traits for 
more than one million individual trees from airborne LiDAR and im-
aging spectroscopy data and validated them against in-situ data; (2) 
mapped forest FD maximizing the representation of the variation 
between individuals by calculating multivariate FD indices across 
elevation gradients using a moving window approach; and (3) further 
explored the relationship between tree density and forest FD at areas of 
30 × 30 m and analyzed FD–area and FD–tree number relationships. Our 
study demonstrates that FD can be quantified at different scales based on 
individual-level traits by airborne remote sensing, providing a pathway 
to address trait-based ecology with wall-to-wall data across environ-
mental gradients. 
2. Materials 
2.1. Study area 
This study was performed at the Shennongjia National Forest Natural 
Reserve in Xingshan county, Hubei province of China with an area of 
about 11 × 14 km covered by an airborne campaign (see Section 2.2 for 
details). A region called Longmenhe (3.5 × 3 km, center coordinates: 31◦
20′ N, 110◦ 29′ E) located on the south slope of Mt. Shennongjia with 
old-growth, secondary and planted forests was selected for method 
development and a scaling study (Fig. 1). The climate of this area is a 
transitional type between the north-subtropical and the warm- 
temperate moist monsoon. The mean annual precipitation is ca. 1380 
mm and the mean annual temperature is ca. 10.2 ◦C based on the 
meteorological records of 2001–2012 from the National Field Research 
Station for Forest Ecosystem in Shennongjia located at 1290 m a.s.l. The 
dominant soils are Mountain Yellow Cinnamon and Brown Earth (Zeng 
et al., 2008a). 
The Shennongjia National Forest Natural Reserve is characterized by 
subtropical evergreen and deciduous broad-leaved mixed forest and is a 
globally important biodiversity hotspot (Myers et al., 2000). For the 
Longmenhe region we recorded more than 150 tree species in our field 
measurements, representing most of the dominant species in the Shen-
nongjia National Forest Natural Reserve. Forest type varies along the 
elevational gradient from (i) evergreen broad-leaved forests (dominant 
species are Cyclobalanopsis multinervis, Cyclobalanopsis oxyodon and 
Lithocarpus glaber) at low elevations to (ii) mixed evergreen and decid-
uous broad-leaved forests (dominant deciduous species include Fagus 
engleriana, Betula luminifera, Platycarya strobilacea, Quercus serrata, 
Fig. 1. The Shennongjia National Forest Natural Reserve (left) and Longmenhe region (middle) with imaging spectroscopy data acquired using the Pushbroom 
Hyperspectral Imager-3 (PHI-3, Red: 812 nm, Green: 655 nm, Blue: 550 nm) and LiDAR-derived digital elevation model (DEM) (right). The circles indicate the 
locations of field-measured sample plots in 2013 and 2016. The squares indicate the locations of individual tree (ITC) validation plots. Four photographs of these ITC 
plots are shown below. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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Quercus aliena and Sorbus folgneri), to (iii) mixed coniferous and broad- 
leaved forests and to (iv) coniferous forests (dominant species are Pinus 
massoniana, Larix kaempferi and Cunninghamia lanceolata) at high ele-
vations (Pei et al., 2018; UNESCO World Heritage Centre, 2016; Xu 
et al., 2017). In the 1970s, this region became an important wood- 
cutting area, causing severe destruction to the biological resources. 
But due to inconvenient transportation, 60% of the primeval forest 
survived. Deforestation was forbidden, to allow vegetation recovery, 
when the reserve was established in 1982 (Ge et al., 1997). 
2.2. Airborne LiDAR & imaging spectroscopy data 
The LiDAR data acquisition was conducted above the Shennongjia 
study area in October 2013 using a Leica ALS70-HP laser scanner (Leica 
Geosystems AG, Heerbrugg, Switzerland) mounted on a Yun-5 turbo-
prop aircraft. The laser system emitted pulses with a wavelength of 
1064 nm. The maximum scan angle of ±17◦ from nadir and about 25% 
flight strip overlap led to an average point density of more than 4 points/ 
m2. The LiDAR data were co-registered, classified to ground and non- 
ground returns using Terrasolid software (Terrasolid, Helsinki, 
Finland) by the vendor (SHHANGYAO Inc., Shanghai, China) and pro-
jected to the Universal Transverse Mercator (UTM) Zone 49 N/WGS-84 
coordinate system. The positional accuracy of the LiDAR point clouds 
was <0.3 m in horizontal and <0.1 m in vertical direction. A gap-filled 
Canopy Height Model (CHM) (Zhao et al., 2013) was used to extract 
individual tree crowns, and elevation-normalized LiDAR point clouds 
were used to derive the morphological traits as described below (Section 
3.3). 
Twenty-one imaging spectroscopy scenes were acquired on 11 
October and 13 October 2013 from 10:30 to 13:30 local time under 
cloudless conditions using the Pushbroom Hyperspectral Imager-3 (PHI- 
3, designed by Shanghai Institute of Technical Physics, Chinese Acad-
emy of Sciences). The PHI-3 instrument was mounted on a Yun-5 
turboprop aircraft that flew over the study area at 1500 m above 
ground level, resulting in a ground resolution of 1 m. It contained two 
sensors recording the 440–1000 nm and 1000–2500 nm spectral ranges 
with 189 and 256 bands, respectively. The spectral resolution (full width 
at half maximum) varied depending on wavelength, averaging 3 nm for 
the visible and near-infrared range and 5 nm for the near-infrared and 
short-wave infrared range. The pre-processing of the imaging spectros-
copy data was described in detail in Zhao et al. (2018). The reflectance 
images were used to derive the physiological traits as described below 
(Section 3.3). 
2.3. Field measurements 
We collected field measurements of 46 square sample plots (30 × 30 
m) in the Shennongjia study area in September and October 2013. We 
recorded the four corner coordinate pairs of each plot using a Trimble 
GeoXH 3000 handheld GPS and combined the measurements from base 
station for differential correction. For each plot, we measured the tree 
height, diameter at breast height (DBH), crown base height, crown di-
ameters and species for all individual trees with DBH ≥ 5 cm. We 
additionally measured the exact location of each tree in four of the 
sample plots by integrating the Real-Time Kinematic (RTK) GPS/GLO-
NASS System with a total station for validating the individual tree crown 
detection accuracy. We also selected 19 individual canopy trees in the 
study area and took upward-oriented hemispherical photographs using a 
Nikon camera with a fish-eye lens and bubble level attachment, and then 
used Can-Eye v6.36 software to estimate the LAI of these trees. 
In addition, we collected sunlit top-of-canopy leaves from 31 canopy 
trees with GPS locations (for each tree 3 samples) across 13 plots in the 
Shennongjia study area in September of 2016. The leaf carotenoid 
content, nitrogen concentration and SLA of these samples were 
measured in the laboratory, following the method described in Zhao 
et al. (2016). These in-situ traits (Table S1) were used to validate the 
physiological traits obtained from imaging spectroscopy data. 
3. Methods 
3.1. Overview of methodology 
A workflow of the major methods utilized in this study is illustrated 
in Fig. 2. First, we performed an individual tree crown (ITC) detection 
from the airborne LiDAR data. For each ITC, we retrieved three 
morphological traits and three physiological traits from the airborne 
LiDAR and imaging spectroscopy data, respectively. Then, we developed 
a spatially complete individual tree-based method to map three aspects 
of forest FD, functional richness, divergence and evenness, at different 
scales and analyzed their spatial patterns. Furthermore, we tested 
whether FD correlated with tree density at 30 × 30 m ecosystem scale. 
An area of 30 × 30 m has been identified as a relevant ecosystem scale in 
Chinese subtropical forests nearby (Liu et al., 2016). Finally, we 
analyzed FD–area and FD–tree number relationships and explored the 
scale dependency of forest FD in the Longmenhe region. 
3.2. Individual tree crown detection 
We used a morphological crown control-based watershed algorithm 
for ITC segmentation (Chen et al., 2006; Zhao et al., 2013, 2014), which 
performed well when applied on the same data in a similar context 
(Zhao et al., 2018). Firstly, a Laplacian operator and a morphological 
closing operator with thresholds were used to fill pits of the LiDAR- 
derived CHM and determine the crown areas. Then a local maxima al-
gorithm was adopted to identify potential treetops in the crown areas. 
Two watershed transformations combined with a reconstruction oper-
ation were applied to delineate the tree crowns and restrain over- 
segmentation problems. Finally, the crown outlines were adaptively 
optimized based on a morphological opening operator on each 
Fig. 2. Flowchart of the processing steps for measuring forest FD using remote 
sensing data. 
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watershed segment. The position of treetops, the crown polygons and 
the tree height (>3 m) were used in the subsequent estimation of 
functional traits and FD. 
As the field-measured stem positions were not always at the same 
horizontal locations of the treetops, we evaluated the LiDAR-derived 
ITCs (match, omission and commission) with field-measured individ-
ual tree positions using distance and tree height as matching criteria. We 
also calculated the match rates for five DBH groups (quintiles) to assess 
the ITC detection capability for both large and small trees. 
3.3. Functional traits retrieval 
A set of individual-tree morphological and physiological traits were 
selected and retrieved from airborne LiDAR and imaging spectroscopy 
data, respectively. A basic principle for trait selection is that they should 
indicate essential functions related to the ecosystem processes or func-
tioning one wants to investigate (Mason and Mouillot, 2013). In our 
case, in view of planned analyses about ecosystem carbon cycling and 
diversity–productivity relationships of the studied forest, we were 
particularly interested in traits related to photosynthesis, growth and 
complementarity in resource use (Huang et al., 2018; Reich, 2012). 
For morphological traits, we chose the commonly used 95th quantile 
height (H95, approximates canopy tree height; the 95th quantile height 
of LiDAR first returns), leaf area index (LAI, projected leaf and branch 
area per horizontal ground area; also known as plant area index) and 
foliage height diversity (FHD, the density and height distribution of 
canopy layers), describing the vertical height, horizontal openness and 
internal complexity of canopy structure, respectively (Coops et al., 2016; 
Fahey et al., 2019; Valbuena et al., 2020). Individual-tree LAI was 
derived based on the method proposed by Richardson et al. (2009), as 












where θ is zenith angle (LiDAR scanning angle), k is the extinction co-
efficient mainly determined by leaf angle distribution and is simply 
assumed to be 0.5 (spherical leaf angle) if the vegetation is deemed to 
follow the spherical leaf angle distribution, and GF is gap fraction, which 
denotes the fraction of ground returns over total returns. To reduce the 
effects of increasing scan angle on GF, the LiDAR point clouds were 
filtered to a maximum scan angle of ±10◦ before LAI retrieval. FHD was 
calculated following the Shannon-Wiener index based on LiDAR first 
returns as Eq. (2): 
H = −Σpi ln pi, (2) 
Where pi is the proportion of horizontal vegetation in the ith layer (3 
m vertical interval), namely, the ratio of LiDAR returns in the ith layer to 
the total returns (Clawges et al., 2008; MacArthur and MacArthur, 
1961). We derived the morphological traits for every single tree of the 
canopy using terrain-corrected point clouds inside the crown polygons. 
The traits were then linearly rescaled to [0, 1] using a min-max 
normalization after trimming the upper and lower extremes based on 
visual inspection of the trait histograms, i.e. 1st to 99.5th percentile for 
H95 and 2nd to 98th percentile for LAI and FHD. 
For physiological traits, we chose leaf carotenoids (the relative 
content of carotenoids per unit leaf area, unit: μg•cm−2), SLA (the ratio 
of leaf area to dry mass, unit: cm2•g−1) and leaf nitrogen (the relative 
concentration of nitrogen per unit leaf mass, unit: %), indicating light 
utilization and protection, plant growth and longevity as well as 
photosynthetic and metabolic capacity (Díaz et al., 2016; Jetz et al., 
2016; Wright et al., 2004). We selected three hyperspectral vegetation 
indices (VIs), namely carotenoid reflectance index (CRI, Gitelson et al., 
2002) simple ratio index (SR, Jordan, 1969) and normalized difference 
nitrogen index (NDNI, Serrano et al., 2002), based on the Gini impor-
tance of random forest regression (Zhao et al., 2018) to represent the 
three physiological traits and derived them from imaging spectroscopy 
data based on the following formulae (Eqs. (3), (4), (5)): 
CRI = 1/R510–1/R550 (3)  
SR[705, 750] = R750/R705 (4)  
NDNI = [log(1/R1520)− log(1/R1680) ]/[log(1/R1520)+ log(1/R1680) ] (5) 
Considering that the retrieval of physiological traits in shaded areas 
can be severely impacted by noise and an unknown spectral response 
under diffuse illumination conditions (Nagendra and Rocchini, 2008), 
only sunlit pixels (threshold based on histogram CRI > 11.92) within 
each ITC were considered for analysis. Since pixels are not always fully 
enclosed within tree crown polygons, we calculated the area-weighted 
mean of these VIs based on the intersection of the pixels with crown 
polygons as the proxies of physiological traits for each ITC. Then the 
physiological traits were linearly rescaled to [0, 1] using a min-max 
normalization after trimming the extremes based on visual inspection 
of the trait histograms, i.e. 0.5th to 100th percentile for CRI, 5th to 98th 
percentile for SR and 0.5th to 95th percentile for NDNI. 
To compare the canopy reflectance-based estimates of physiological 
traits with the in-situ individual-tree leaf biochemical measurements in 
2016, canopy hyperspectral VIs of the specific individual trees were 
divided by ITC’s LAI to downscale to leaf level (Homolová et al., 2013; 
Zarco-Tejada et al., 2001). We evaluated the remotely sensed physio-
logical traits with field measurements at leaf level using linear models by 
calculating the coefficient of determination (R2) and P-value. 
In addition, we calculated Pearson correlations for each pair of 
normalized traits across all detected trees in the Longmenhe region. 
Moreover, we generated 1000 bootstrapped trait datasets (1% of the 
trees) to estimate the significance of the correlations by calculating the 
confidence interval of trait–trait correlations at 95% level (Flores-Mor-
eno et al., 2019). 
3.4. Multivariate functional diversity indices 
We calculated multivariate FD indices for the retrieved individual- 
tree traits, one set for morphological and one set for physiological 
traits. Each set contained the three multivariate FD indices functional 
richness (FRic), divergence (FDiv) and evenness (FEve) (see detailed 
description in Table S2). FRic corresponds to the functional niche 
occupied by the organisms of a community, while FDiv and FEve 
describe the distribution of the organisms within the functional trait 
space (Villéger et al., 2008). At species level, these measures reflect the 
niche of single species, at community level they reflect the community 
niche (Salles et al., 2009). High and low FDiv values represent broad and 
narrow niches, respectively; high values indicating differences between 
individuals or species and low values indicating similarities between 
individuals or species. Differences have been hypothesized to indicate 
limiting similarity constraints and similarities have been hypothesized 
to be due to environmental filtering (Cornwell et al., 2006; Garnier and 
Navas, 2012; Spasojevic and Suding, 2012). High FEve means a regular 
distribution of the traits, while low FEve means clumping or irregular 
distributions in trait space, potentially indicating under-utilization of 
resources (Schleuter et al., 2010) or the absence of corresponding con-
ditions in the environment. 
We calculated and mapped the FD indices of the Longmenhe region 
based on a 30 × 30 m grid using the functional traits of individual trees 
in every grid cell. Compared with FD measurements based on species 
presence/absence data or species abundance weighting (Mendes et al., 
2015), our approach does not use species, i.e. combines inter- and 
intraspecific trait variation, and implicitly uses abundance weighting 
because every tree provides trait measurements and has the same weight 
in the analysis. FRic was calculated as the convex hull volume of the 
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trees considered to constitute the community, here referred to as 
neighborhood, in multidimensional functional trait space (convhull, 
Matlab). Neighborhood was either defined as a given area or as a given 
number of trees and the corresponding analysis referred to as area- or 
number-based analysis. FDiv and FEve were calculated in Matlab based 
on Villéger et al. (2008) and Schneider et al. (2017). Considering the 
density effect for diversity in ecological studies (Baruffol et al., 2013; 
Harper, 1977), we also explored the relationship between area-based 
FRic and tree density at 30 × 30 m ecosystem scale. 
3.5. FD–area and FD–tree number relationships 
To analyze the area-based scale-dependency, we used a moving 
window approach (window size = grid size = 3 × 3 m) to calculate the 
FD indices for the whole study area with varying neighborhoods. Since 
diversity was always measured within a specific geographical unit for 
the area-based analysis, we calculated the FD indices based on the 
functional traits of individual trees in a radial neighborhood of the 
center of the moving window and assigned the FD indices to the corre-
sponding grid cell. The crown diameter was on average 3 m, hence we 
chose a radial neighborhood with 9 m radius as the smallest area, which 
typically would include approximately 36 trees with average crown 
diameter. To test how FD changed with area (spatial extent), we 
calculated the FD indices for an increasing neighborhood ranging from 9 
to 504 m radius with a step of 7.5 m (resulting in 67 different neigh-
borhood calculations). Then we averaged the FD index values of all 
forest grid cells (inside a 500 m buffer of the study boundary) for each 
neighborhood extent to derive FD–area curves. We fitted power-law and 
logarithmic functions to the observed relationships between morpho-
logical and physiological FRic indices and area. In addition, we ran-
domized the locations of trees and calculated FRic based on a null model 
of spatially randomly distributed trees (rand, Matlab), to test if the 
functional traits followed a random distribution, or whether there was 
trait convergence or divergence within neighborhoods. Each tree kept its 
values for the morphological and physiological traits as in the non- 
randomized dataset. 
To analyze the number-based scale-dependency, we generated 1000 
random points within 500 m of the border and selected the points with 
more than 10,000 trees within a buffer of 250 m radius as central points 
to avoid non-forested areas. Then we calculated FD for changing tree 
numbers ranging from 9 to 10,000 with a step function of 100 trees by 
adding the closest trees (to the central point) to the neighborhood. We 
averaged FD index values of the central points for each neighborhood to 
derive FD–tree number curves. We also fitted power-law and logarith-
mic functions to the observed relationships between morphological and 
physiological FRic indices and tree number. 
4. Results 
4.1. Individual tree crown detection 
The field-measured positions and tree heights of ITCs in four 
detailed-measured plots were used to evaluate the individual tree 
detection results. The number of reference trees, correctly matched, 
missed (omission), and extra trees (commission) are shown in Fig. 3. 
Totally 335 trees were detected from LiDAR data and 311 trees were 
correctly matched with the 373 reference trees in the four plots (83.4%). 
Under-segmentation because of overlapping tree crowns, understory 
and multi-stemmed trees were the main causes of the 16.6% omissions 
error, especially for the two broad-leaved forest plots (Fig. 3; Supp 
Fig. 1). The detection rates were 87.0%, 90.6% for the coniferous and 
the conifer-dominated plots (plot 1 and 4), respectively, and 70.5% and 
82.4% for the two broad-leaved forest plots (plot 2 and 3, respectively). 
The unmatched trees also included some over-segmented ITCs due to the 
presence of more than one potential treetop in larger and rougher can-
opy parts. Totally 24 extra trees were “detected”, corresponding to a 
commission error across all four plots of 7.2%. 
4.2. Individual-tree functional traits 
Fig. 4 shows the LiDAR-derived morphological and spectral indices 
of physiological traits at individual tree level (See Supp Fig. 2 for 
detailed spatial distribution of each trait). Morphologically, blueish- 
green areas (e.g., subregion A) near a village at lower altitudes are 
characterized by high LAI and low canopy height, indicating a disturbed 
forest area. Green and yellow areas (e.g., subregion B) in the mid- 
altitude are occupied by forest with lower LAI, taller trees and more 
complex, layered canopies. Pink areas (e.g., subregion C) close to the 
ridge represent high LAI values and tall canopies, yet with little layering. 
Physiologically, in subregion A (blueish-green area) canopies have 
relatively high nitrogen concentration and SLA, but low carotenoid 
content. Trees in subregion B show diverse physiological trait patterns, 
where blue areas indicate canopies with relatively low nitrogen con-
centration, high SLA and low carotenoid content, while red and yellow 
areas indicate canopies with relatively high carotenoid content and ni-
trogen concentration. Trees in subregion C (pink area) have canopies 
with relatively high SLA and carotenoid content, but low nitrogen 
concentration. Comparing the spatial patterns of two trait maps, it can 
also be shown that the physiological traits are linked more strongly to 
topographic variables such as slope and aspect that may both influence 
optical properties and species composition. 
The LiDAR-derived tree height (R2 ≥ 0.90, P < .001, Zhao et al., 
2018) and LAI values (R2 = 0.81, P < .001, Supp Fig. 3) were closely 
correlated with individual-tree field measurements. Due to the 
complexity of the within-canopy structure, FHD, describing the foliage 
arrangement in different vertical strata, could not be validated directly 
Fig. 3. The number of reference trees, correctly matched LiDAR ITCs, missed 
trees (omission), and extra ITCs (commission) in four sample plots (upper 
panel) and the ITC detection rate for different DBH groups (lower panel). 
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Fig. 4. Spatial patterns of individual-tree morphological and physiological traits in the Longmenhe region. RGB color composites are represented as ternary diagrams 
of morphological traits (upper panel, 95th quantile height (H95, red), foliage height diversity (FHD, green) and leaf area index (LAI, blue)) and physiological traits 
(lower panel, carotenoids (CRI, red), nitrogen (NDNI, green) and specific leaf area (SLA, blue)). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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with field measurements. Correlations between the canopy reflectance- 
based physiological traits and field-sampled individual-tree leaf traits 
were expectedly less strong than those for the morphological traits, but 
still very highly significant (R2 = 0.60 for carotenoids, R2 = 0.51 for SLA 
and R2 = 0.34 for nitrogen, with n = 31 and P < .001 for all three traits, 
Supp Fig. 4). 
The ranges of the estimated individual tree functional traits in the 
Longmenhe region are shown in Table 1, where the sample size of trees 
for morphological trait estimates was 1,145,690 (after masking very 
dense trees for which we could not retrieve LAI because of no ground 
echoes) and the sample size of trees for physiological trait estimates was 
1,026,737 (after masking trees located in shaded areas) from a total of 
1,253,809 detected canopy trees. The normalized H95, LAI and FHD of 
individual trees have means and standard deviations of 0.38 ± 0.18, 
0.38 ± 0.21 and 0.49 ± 0.22, respectively. And the normalized CRI, SLA 
and NDNI of individual trees have means and standard deviations of 
0.55 ± 0.19, 0.51 ± 0.22 and 0.46 ± 0.16, respectively (Supp Fig. 5). 
Trait correlation assessment (n = 941,650) showed that LiDAR- 
derived H95 and FHD of individual trees were positively correlated (r 
= 0.44), while CRI and SLA were negatively correlated (r = −0.29). 
Correlations between morphological and physiological traits were very 
weak, but due to the high number of measurements still highly signifi-
cant (up to r = 0.11 between H95 and CRI but r < 0.03 for all other pairs) 
(Fig. 5; Supp Fig. 6 a–f). 
4.3. Functional diversity 
Maps of FRic, FDiv and FEve for morphological and physiological 
traits for 30 × 30-m resolution are shown in Fig. 6. The highest 
morphological FRic (Morph.FRic) and morphological FEve (Morph. 
FEve) occur at medium elevations (1404–1487 m), which is consistent 
with previous forest community survey studies (Shen et al., 2004; Zhao 
et al., 2005). High physiological FRic (Phys.FRic) and physiological 
FEve (Phys.FEve) can be observed at medium and high elevations. 
Morphological FDiv (Morph.FDiv) has a similar distribution in different 
elevational zones, but physiological FDiv (Phys.FDiv) shows an obvious 
elevational pattern (Supp Fig. 7). 
We explored the relationship between FRic and tree density (i.e. tree 
number) for 30 × 30 m grid cells, an area which we considered a rele-
vant ecosystem scale in these forests (Liu et al., 2018). The results 
showed generally positive relationships between FRic and tree density 
for both Morph.FRic and Phys.FRic, but the Phys.FRic decreased at very 
high tree densities (Fig. 7). 
4.4. Scaling 
The FRic–area curves showed that the ITC-based FRic increased with 
area (see Supp Fig. 8 for the spatial patterns of FRic at different neigh-
borhood scales) and the observed FRic was relatively lower than the 
simulated FRic of the null model (Fig. 8). These results indicated the 
prevalence of local trait convergence in our study area. Fitting power- 
law and logarithmic functions to the FRic-area relationships, we found 
the power-law exponents were 0.23 and 0.37 for Morph.FRic and Phys. 
FRic, while the FRic–log(area) curves were almost linear. Therefore, a 
logarithmic function fitted the FRic–area relationships better (R2 = 0.99 
and 0.98) than the power-law function (R2 = 0.85 and 0.91, Fig. 8). For 
FRic–tree number relationships, the logarithmic function also fitted the 
mean observed Morph.FRic and Phys.FRic better (R2 = 0.99 and 0.95) 
than the power-law function (R2 = 0.80 and 0.88, Supp Fig. 9). 
5. Discussion 
5.1. Individual tree-based trait measurements 
Our findings demonstrate the ability of integrating airborne LiDAR 
and imaging spectroscopy data to estimate individual-tree morpholog-
ical and physiological traits in a spatially explicit and consistent way at 
large scales. Compared with mapping functional traits and FD based on 
pixels or plots representing vegetation samples of potentially mixed 
species (Durán et al., 2019; Ma et al., 2019; Schneider et al., 2017), our 
individual tree-based method can directly account for variation between 
individuals and allows us to combine both within- and between-species 
FD. However, assigning individuals to species using few remotely-sensed 
functional traits is challenging, especially for species-diverse forests 
with functionally similar species. Even by combining both morpholog-
ical and physiological traits, only slightly more than half of all in-
dividuals could be correctly assigned to species, but more than 80% 
could be correctly assigned to tree functional or taxonomic groups (Text 
S1; Supp Fig. 10). The groups can be any clustering of individuals for 
which classification information is available, for example, groups 
divided according to life forms (deciduous trees vs. evergreen trees vs. 
shrubs), plant strategies (C, S and R), taxonomic information (conifers 
vs. angiosperms) or environmental gradients (Durán et al., 2019; Kat-
tenborn et al., 2017; Li et al., 2017; Milani et al., 2019). Furthermore, 
individual-tree trait measures also allow us to assess plant strategy 
spectra such as leaf-economics spectra (Asner et al., 2016; Wright et al., 
2004) from remotely-sensed large-scale data. 
Individual tree-based trait and FD measurements offer ecologically 
relevant advantages over pixel- or plot-based measurements. For 
example, the ITC-based approach allows us to explore FRic–tree density 
relationships in real forests with spatially explicit data, while these can 
Table 1 
Minimum, maximum and mean (SD) values of functional traits of individual 
trees derived from LiDAR and imaging spectroscopy in the Longmenhe region.  
Trait (units) Min Max mean ± SD 
H95 (m) 5.198 29.060 14.160 ± 4.330 
LAI 1.236 6.291 3.131 ± 1.064 
FHD 0.188 1.523 0.846 ± 0.298 
CRI 3.836 11.922 8.253 ± 1.545 
SLA 2.406 4.997 3.735 ± 0.574 
NDNI 0.206 0.346 0.271 ± 0.022  
Fig. 5. Pearson correlation matrix of individual-tree functional traits derived 
by LiDAR and imaging spectroscopy data. Size and shade of each circle repre-
sent the strength of the relationship with color indicating significantly positive 
(blue) or negative (red) correlations. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of 
this article.) 
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not be assessed with pixel- or plot-based approaches, because they do 
not allow counting individuals or covering large areas. Besides, parti-
tioning trait variation among individuals into taxonomic and potentially 
genetic variation, environmental variation and their interaction is only 
possible if traits are measured at individual level. Being able to predict 
FD using traits that are specific properties of individual trees (e.g., crown 
size, tree height), the FD assessments could be expanded to include more 
dimensions representing different facets of plants and links to ecosystem 
functioning. In addition, the individual-level data do not contain vari-
able biases due to subjective interpretation or different measurement 
techniques and might improve individual-based ecological models 
(Fisher et al., 2018). Furthermore, our approach could be useful to 
interpret within-pixel or within-footprint information of spaceborne 
imaging spectrometers such as Gaofen-5 (Liu et al., 2019) and NASA’s 
Surface Biology and Geology (SBG, Schneider et al., 2019) or spaceborne 
LiDAR (e.g., GEDI, Schneider et al., 2020). When using such coarser 
spatial resolution instruments, it might help to better understand the 
scaling from individual trees to whole forest canopies and from 
individual-tree, single-species measurements to individual-pixel, mixed- 
species measurements from spaceborne sensors. Further comparison of 
the ITC- vs. pixel-based approach will be needed to fully understand the 
linkages and differences of individual tree to canopy traits. It can also 
help to quantify how much of the initial diversity of functional traits can 
be observed at different pixel sizes, which would be a crucial step for 
upscaling forest FD effectively (Gonzalez et al., 2020). 
The individual tree crown (ITC) detection was the basis to estimate 
individual-tree functional traits from remote sensing. Our comparisons 
with field observations indicated that the LiDAR data allowed ITC 
detection with good accuracy. We could correctly identify more than 
80% of ITCs for coniferous forest and more than 70% for broad-leaved 
forest. Indeed, good accuracy of detecting ITCs with LiDAR was also 
reported for boreal and temperate forests (Kaartinen et al., 2012; Kwak 
et al., 2007; Wang et al., 2016a) and will likely further improve in the 
future. Besides, Bohlman (2015) suggested that diversity measured by 
remote-sensing platforms that detect primarily the upper canopy layer, 
would match up well with diversity estimates from forest inventories of 
trees ≥10 cm DBH in tropical forest. Our assessment of ITC detection 
rate also showed confidence in detecting larger canopy trees (Fig. 3). In 
addition, compared with forest inventories with a limited number of 
sampling plots and a bias towards large-tree selection, as well as limited 
access to inaccessible regions, our ITC-based method detected 70%–90% 
of all canopy trees (≥5-cm DBH) and has the advantage of covering all 
environmental gradients over large areas. Although uncertainty propa-
gation and associated bias in trait estimates can still exist due to under- 
or over-segmentation, the undetected trees (e.g., sub-canopy tree in-
dividuals or even tree saplings) tend to be smaller ones with presumably 
less influence on ecosystem-level functions (Jeronimo et al., 2018; 
Moore et al., 2007). More critical errors would result from additional 
trees being detected by LiDAR, which do not exist on the ground 
(commission errors), because these would be like pixel-based measures 
including (parts of) one or several trees possibly belonging to different 
species. Fortunately, such commission errors were less than 10% in our 
four calibration plots. The accuracy of ITC detection and matching with 
imaging spectroscopy data may suffer from overlapping crowns, varying 
LiDAR point densities or vertical resolution, crown segmentation algo-
rithms, geometric co-alignment issues and the resolution of the imaging 
spectroscopy data (Dalponte and Coomes, 2016; Ørka et al., 2009, 
2010). It is also important to note that our ITC detection is limited to the 
canopy crowns visible to both, the airborne LiDAR and imaging spec-
trometer, and therefore does not include understory trees. However, 
Fig. 6. Spatial patterns of ITC-based morphological (upper panel) and physiological (lower panel) richness (left), divergence (middle) and evenness (right).  
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ecosystem functions are strongly affected by canopy trees (Ali et al., 
2019; Liu et al., 2018) and thus omitting understory trees is probably a 
smaller issue than inaccurate identification of canopy trees. In the 
future, high-resolution and multitemporal LiDAR data, potentially fused 
with imaging data, and development of better crown segmentation al-
gorithms may allow us to improve the ITC detection. 
5.2. Functional trait selection and retrieval 
Our selected morphological traits represent the three primary 
structural axes — height, openness and complexity of canopy structure 
— which have been widely used to characterize the canopy structural 
diversity (Coops et al., 2016; Fahey et al., 2019; Simonson et al., 2012). 
The selected physiological traits are related to growth/photosynthesis, 
metabolic cycle, leaf survival/protection and longevity (Díaz et al., 
2016; Jetz et al., 2016; Wright et al., 2004). They cover several facets of 
forest properties linked to ecosystem functioning and are not highly 
correlated. Further traits with well-known contributions to tree growth, 
reproduction and survival and thus vegetation dynamics and ecosystem 
functioning should be included in future assessments, if sensitive indices 
for such traits can be derived. Such traits include phosphorus, lignin, 
cellulose, equivalent water thickness of leaves, which are related to 
growth and defense (survival), canopy volume and position related to 
competition for light and space, wood density related to persistence and 
flowering and fruiting phenology and seed mass related to reproduction 
(Williams et al., 2017; Liu et al., 2016; Westoby, 1998). Additionally, 
previous studies indicated that the ability to predict community 
composition could increase with additional traits, but might reach 
saturation after including a specific number of trait axes (Laughlin, 
2014; Schweiger et al., 2020). Therefore, the number and type of traits 
and methods of extracting meaningful axes to characterize the multi-
variate trait space, such as principle component analysis, are also 
important considerations when converting trait measures to FD indices. 
The individual tree–trait calibration and validation remains chal-
lenging, especially for canopy physiological traits due to variability in 
canopy reflectance caused by complex canopy structure, signals of non- 
leaf material in gaps, the atmosphere and changing illumination and 
viewing geometries (Asner and Martin, 2008; Cavender-Bares et al., 
Fig. 7. Relationship between functional richness and tree density per 30 × 30 m plots for morphological richness (left) and physiological richness (right). The upper 
panels are the binned scatterplots of functional richness and tree density. The lower panels are the violin plots of functional richness (between the 5th and 95th 
percentile) in different tree density groups. 
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Fig. 8. Morphological (left panels) and physiological (right panels) functional richness–area relationships. Null models correspond to randomly distributed traits 
(dashed line); remotely-sensed relationships are depicted as solid line; Grey shades indicate the standard deviations of all 3 × 3 m grid cells of forest area (a, b). The 
log(FRic)–log(area) curves in the middle panels represent the fit of power-law functions (c, d) and the FRic–log(area) curves in the lower panels represent the fit of a 
logarithmic function (e, f) for morphological and physiological richness. 
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2017; Ollinger, 2011). Further difficulties are due to temporal mis-
matches between in-situ and airborne data (Chavana-Bryant et al., 
2017), uncertainties introduced by ITC segmentation (Marconi et al., 
2019b) and downscaling to leaf traits at leaf level from the ITC measures 
at canopy level (Gara et al., 2018; Homolová et al., 2013; Malenovský 
et al., 2019). Accordingly, our LiDAR-derived individual-tree morpho-
logical traits correlated better with independent field-based measure-
ments than did our canopy reflectance-based physiological traits with 
laboratory measurements (Supp Fig. 4). Vegetation index-based physi-
ological trait estimations can be processed faster than radiative transfer 
model-based retrievals and thus have seen a wider applicability over 
large areas. Since VIs only make use of a small set of spectral bands, the 
selection of optimal VIs to indicate the relevant physiological traits 
should be carefully evaluated. To improve the effectiveness and accu-
racy of canopy-level physiological trait estimation from imaging spec-
troscopy data, other methods such as multi-method ensemble and the 
Gaussian process-based emulators of radiative transfer models have 
been used (Feilhauer et al., 2015; Gómez-Dans et al., 2016; Verrelst 
et al., 2015, 2019). If sufficient training data are available, PLSR or 
machine learning regression models can be effective alternatives making 
use of the full reflectance spectrum. Moreover, recent studies have 
explored the potential of using airborne imaging spectroscopy and 
LiDAR data or hyperspectral LiDAR technology to map 3D profiles of 
foliar traits (Chlus et al., 2020; Nevalainen et al., 2014). Combining 
LiDAR and imaging spectroscopy data to characterize plant functional 
traits and diversity enables a broader view of plant form and function, 
integrating three-dimensional tree architecture with leaf biophysical 
and biochemical properties. 
Furthermore, it should be noted that the optical-based physiological 
trait retrievals might be sensitive to illumination conditions. In this 
study, we used a CRI threshold to mask shadow pixels, which removed 
the overestimation of carotenoids and underestimation of SLA in the 
shade. The derived physiological traits then can represent the ecological 
pattern of traits between sunny and shaded slopes. For example, Han 
et al. (2005) found that leaf N were significantly higher in deciduous 
than in evergreen species. Tian et al. (2002) showed that in the Long-
menhe region, deciduous tree species grow well on ridges, while ever-
green tree species mostly occur in shaded areas or humid valleys. 
Consistently, our derived nitrogen concentration also showed higher 
values on ridges and lower values in valleys and shaded slopes. 
Assessing correlations between the estimated traits showed a posi-
tive correlation between H95 and FHD and a negative correlation be-
tween carotenoids and SLA, consistent with previous studies (Martin 
et al., 2007). However, the trait correlations at individual tree level in 
our study were not as strong as those in other works reporting species- or 
plot-level correlations (Osnas et al., 2018). It is typical that zooming into 
broad-scale macro-ecological correlations reveals many more facets of 
trait coordination (Li et al., 2017), which is brushed over when much 
larger scales are considered (Wright et al., 2004). Thus, trade-offs are 
often stronger at the genetic or phylogenetic level or in between-site 
comparisons than within species and sites (Messier et al., 2017; 
Umaña and Swenson, 2019). 
5.3. Functional diversity and tree density 
We explored the FRic–tree density relationship for the 30 × 30 m 
ecosystem scale and found generally positive relationships between 
morphological and physiological FRic and tree density. Similar positive 
relationships were also found in forest inventories relating tree species 
richness to stand density, indicating a higher carrying capacity in mixed 
forests due to the complementarity of resource uses and reduced mor-
tality (Baruffol et al., 2013; Pretzsch and Biber, 2016). A decrease in 
FRic at very high tree densities was also observed in previous studies 
showing that the species richness of vascular plants decreased with 
stand density at intermediate or high forest densities (Hedwall et al., 
2019). One explanation is that these areas were dominated by many 
young trees or forest patches planted with the same species. More 
research is needed to reveal cause and effect relationships between FD 
and tree density (Condés and del Río, 2015; Pretzsch et al., 2015), which 
may change with scale due to the scale-dependency of FD (see below) 
but scale-invariance of density. Forest diversity might also affect tree 
density in natural forests through its influence on resilience to distur-
bances. For example, individual trees and forest populations may be 
particularly vulnerable to extreme climatic events or insect attacks by 
reduced diversity and limited stand structural complexity (Návar, 
2019). Therefore, it is important to take the FD and tree density rela-
tionship into account when guiding forest management and conserva-
tion, and analyzing the relationship between diversity and ecosystem 
functioning (Baruffol et al., 2013; Forrester and Bauhus, 2016; Ouyang 
et al., 2019). 
5.4. Scale dependency of functional diversity 
The species richness–area relationship, a well-established empirical 
power-law relationship in ecology, has been applied widely in biodi-
versity conservation (Gerstner et al., 2014) and one might expect a 
similar relationship with FRic (Karadimou et al., 2016; Schneider et al., 
2017). In our case the exponent or slope of the log-log regression was 
0.228 for morphological FRic, which is similar to the slope for species 
richness–area relationship across large ranges, i.e. 0.212–0.267 in 
Gerstner et al. (2014), but much larger than for species–area relation-
ships across similarly narrow ranges as tested for our FD–area re-
lationships, e.g. 0.062–0.106 in Peintinger et al. (2003). The slope for 
physiological FRic–area relationship (0.371) was even higher, suggest-
ing that the turnover of functional β-diversity may be higher than the 
turnover of species. We speculate that underdispersion of functional 
traits due to strong environmental filtering at small scales combined 
with environmental heterogeneity creates different filtering at larger 
scales. However, these results may in part also be affected by the fact 
that the shape of our FD–area relationships were in fact better matched 
by a simple logarithmic relationship, where FD was modelled as a linear 
function of log(area), a result similar to the pixel-based FD–area rela-
tionship analyzed in Schneider et al. (2017). The logarithmic relation-
ship indicates that the FD–area curve flattens out more strongly at large 
scales than is generally the case for species richness, indicating that the 
additional species at larger scales are likely functionally redundant with 
other species already present. 
By comparing FRic–area relationships of remotely-sensed traits with 
spatially randomly distributed traits (null model), we found trait 
convergence, i.e. functional underdispersion, to be predominant at local 
scales in our study area. As mentioned above, this could be due to 
environmental filtering at small scale combined with environmental 
heterogeneity at larger scales, heterogeneity in forest management 
strategies or, less likely, due to dispersal being strongly local (Botta- 
Dukát and Czúcz, 2016). 
Besides, we can also regard the tree number as a scale and calculate 
diversity measures per number of individual trees in a sample, not only 
per area. We found that the FRic also linearly increases with the loga-
rithm of tree number, which can be used for FRic corrections of different 
numbers of trees per area, i.e. different tree densities, which is important 
to study density-dependent effects (Antonovics and Levin, 1980; Harper, 
1977; Wills et al., 1997) and the mechanisms that link biodiversity with 
ecosystem functions (Baruffol et al., 2013; Williams et al., 2017). 
6. Conclusions 
In this study, we developed a spatially complete individual tree- 
based method to map FD using LiDAR-derived morphological traits 
and hyperspectral reflectance-based physiological traits in a subtropical 
forest in China. In contrast to the FD estimation based on pixels or plots, 
the method described here avoids mixing of different species within the 
smallest unit of observation and thus allows us to move from canopy- 
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level to individual-level trait mapping. Being able to predict FD using 
individual-tree functional traits not only explains trait variation along 
environmental gradients, but also offers opportunities to explore trade- 
offs between traits and FD–tree density relationships at within- and 
between-ecosystem scales. These relationships are essential to better 
understand the mechanisms that link biodiversity with ecosystem 
functions. Our individual tree-based method also opens up a large 
number of additional directions for analyses, for example those used in 
community ecology using field-based trait measurements. If ITCs could 
be assigned to life forms, functional types (for grassland see Kattenborn 
et al., 2017; Schmidtlein et al., 2012) and eventually species by 
improving classification of trees, many ecological analyses that are 
currently restricted by small sample sizes of field-measured trees can 
then be applied on spatially complete sets of almost all trees present in 
an area. 
As contemporary remote sensing data (LiDAR, imaging spectroscopy 
and high-resolution images) as well as computational power are 
becoming more accessible, it becomes increasingly feasible to use ITC 
approaches for identifying different species, tree size (age) and tree 
phenological stages, as well as environmental conditions and manage-
ment practices, allowing us to better understand inter- and intra-specific 
variation and predict ecosystem functions (e.g., productivity, evapo-
transpiration and ecosystem resilience) in the context of global change 
drivers. Further scaling studies will reveal to what level FD can be 
measured from different remote sensing data, providing the potential to 
bridge the scale gap between local field plots, regional airborne and 
global spaceborne observations. Such data will also be able to refine 
next-generation global vegetation models. Considering that different 
ecosystems may display different scale dependency of FD (Schneider 
et al., 2017; Durán et al., 2019; Malenovský et al., 2019), we suggest to 
develop methodologies based on multi-source data in different biomes 
to comprehensively evaluate the scalability of our approach and better 
understand the potentials and challenges of improving remote sensing of 
traits and FD at different scales. 
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Návar, J., 2019. Modeling tree diversity, stand structure and productivity of northern 
temperate coniferous forests of Mexico. PeerJ 7, e7051. 
Nevalainen, O., Hakala, T., Suomalainen, J., Mäkipää, R., Peltoniemi, M., Krooks, A., 
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